Abstract: Production planning is one of the most important functions in the process of production and operation management. The production planning should be made under uncertainty and considering these uncertainties will result in more realistic production planning model. Simulation optimisation methods have been proved to be useful for analysis of different system configurations and/or alternative operating procedures for complex logistic or manufacturing systems under uncertainty. The present article suggested a multi-period multi-product production planning model in a stochastic situation. Due to the probability of three problem parameters, including demand rate, process time and also setup time of every product in each period, the simulation optimisation technique was employed. In fact, through simulation, the system response rate (the mathematical expectation of objective) for various numbers of production rates in different periods was determined, and consequently, we approached the optimal response by simulated annealing algorithm. Finally, a numeral exam was presented and solved through the suggested approach.
Introduction
Production planning is one of the most important functions in the process of production and operation management (Shi, 2001) and it is viewed as the plans and arrangements of the production mission and progress in production scheduled time (Lan et al., 2010) . Moreover, the production planning is to decide what type of and how much product should be produced in a production period; it plays an important role in a manufacturing system (Yuan, 2012) . In recent years, production planning especially uncertain production planning has been studied widely in the field of production planning management (Lan et al., 2009) . In fact the production planning should be made under uncertainty and uncertainty may be present as randomness and/or fuzziness in the practical production environment. Considering these uncertainties will result in more realistic production planning model. However, the inclusion of uncertainty in the production systems is a more difficult task in terms of modelling and solution (Yuan, 2012) .
Application of simulation, as it is today, began in the late 1970s and with the arrival of computers, its value was discovered specifically. Simulation is often defined as for testing different scenarios of a real system. Chong et al. (2012) have defined it as the process of designing a model from a real system and make experiments with this model with the aim of recognising the system's behaviour or evaluating various strategies for the system function. Its graphical tools have made it popular for managerial and decision problems (Seila et al., 2003) . A simulation model is an easy way to develop models to represent real life scenarios, to identify bottlenecks, to enhance system performance in terms of productivity, queues, resource utilisation, cycle times, lead times, etc. Simulation has been recognised as a good tool to evaluate performance of different optimisation methods (Shahin and Poormostafa, 2011) . Simulation optimisation methods have been proved to be useful for analysis of different system configurations and/or alternative operating procedures for complex logistic or manufacturing systems under uncertainty (Li et al., 2009) .
The main objective of this paper is to represent a multi-period multi-product (MPMP) production planning model in a stochastic situation. In fact we are aiming at determination of the optimal production rate of each product in every period in order to minimise the total costs of the production. Due to the probability of three problem parameters, including demand rate, process time and also setup time of every product in each period, the optimisation simulation approach is used. Simulation lets us make the model in stochastic conditions also, it is possible to consider each various system parameter randomly and analyse the problem. Finally, the suggested approach is studied by a numeral example.
The organisation of this paper is as follows. After this introduction, in Section 2 background of production planning is described. In Sections 3 and 4, explanations about the simulated annealing (SA) algorithm and simulation are given. Next the proposed methodology and problem description are introduced. A numerical example is presented in Section 6 and finally, discussion and conclusion are presented in Section 7.
Literature review
There have been extensive researches in the general field of production planning with a large proportion concerning linear production cost. Bakir and Byrne (1999) studied a hybrid algorithm combining mathematical programming and simulation models of a manufacturing system for the MPMP production planning problem. The resulting showed production plan could be both mathematically optimal and practically feasible. Kim and Kim (2001) proposed a hybrid approach by applying simulation and a linear programming model iteratively to find the capacity-feasible production plan. Results showed that the proposed approach found the better solution in a less number of iterations compared to the approach by Bakir and Byrne (1999) . Loukil et al. (2007) applied SA to solve a multi-objective optimisation model in production scheduling. When used in a complex multi-objective optimisation model, it could determine a global optimal solution. Choong and Careen (2009) using simulation and Arena software evaluated and improved the loading and unloading system of a production section. They selected the best solution leading to 65% reduction of customers' waited time. Na et al. (2009) showed the efficiency of simulation techniques in manufacturing sections and specially in planning design process and material handling systems. Claudio et al. (2010) studied a hybrid strategy combining make-to-stock (MTS) and make-to-order (MTO) prioritisation. Through a set of simulation experiments this strategy was proved to be of great effectiveness. Nourelfath (2011) considered a multi-period, multi-product production planning problem. A two-step optimisation approach was proposed to solve the developed model. The resulting approach showed that substantial improvements in service level robustness were often possible with minimal increases in expected cost. Karimi-Nasab and Aryanezhad (2011) presented a novel multi-objective model for the production smoothing problem on a single stage facility. The proposed model was solved by a new genetic algorithm. Computational experiences revealed the sufficiency and efficiency of the proposed approach in contrast to previous researches. Suresh Kumar and Sridharan (2011) evaluated the performance of a flexible manufacturing system (FMS) operating under two different scenarios: part movement policy and tool movement policy. Finally the tool movement policy was found to perform significantly better when compared with the part movement policy. Valliathal and Uthayakumar (2011) studied the effects of shortages on an inventory model for deteriorating items with shortages under supplier's credit linked to maximum inventory level. Numerical examples were presented to determine the developed model and the solution procedure. Tang et al. (2012) investigated a production planning problem in a steel production process considering the energy consumption cost which is a nonlinear function of the production quantity and stochastic demands. A stepwise Lagrangian relaxation (SLR) heuristic for the problem was proposed. The results showed that the algorithm generated solutions very close to optimums in an acceptable time. Karimi-Nasab and Konstantaras (2012) presented a new multi-objective production planning model which was proved to be NP-complete. So the proposed model was solved by a random search heuristic method. The performance of the proposed problem-specific heuristic was verified by comparing it with a multi-objective genetic algorithm on a set randomly generated test data. Singholi et al. (2012) presented a simulation study to evaluate the effects of various system parameters, such as machine flexibility, routing flexibility and part population inside the system. This simulation study may be very useful in managing and controlling the shop floor to give enhanced quality and better productivity. Hadid et al. (2012) reviewed researches in both interrelated and integrated modelling of production planning, scheduling, maintenance and quality to identify possible future directions.
System simulation
It is widely acknowledged that simulation is a powerful computer-based tool that enables decision-makers to improve operational efficiency via its ability to incorporate the uncertain ties that are inherent in complex real systems (Glover et al., 1999) . Simulation has been commonly used to study the behaviour of real world manufacturing systems to gain better understanding of problems. Simulation modelling is arguably more widely applied to manufacturing systems (Azadeh et al., 2008) . Production simulation is a very useful tool concerning the possibilities of gains in the process of production and as result, cost reduction. The simulation allows finding the best model according to the logic of techniques. The simulation of production line could provide important information to determine the most appropriate technique (Caprace et al., 2011) .
Even though simulation models are capable of capturing complex system behaviours, they may require large amounts of development and running time, which typically makes them inadequate for solving optimisation problems. This situation is remedied by the simulation-optimisation approach in that it efficiently searches for the best combination of problem parameters using smart search techniques (Keskin et al., 2010) . The main optimisation approaches utilised in simulation-optimisation include random search (Andradóttir, 2005) , response surface methodology (Barton, 2005) , gradient-based procedures (Fu, 2005) , ranking and selection (Kim and Nelson, 2005) , sample path optimisation (Rubinstein and Shapiro, 1993) and meta-heuristics including tabu search, genetic algorithms, and scatter search.
SA algorithm
SA algorithm is a well-known local search meta-heuristic algorithm introduced by Kirkpatrick et al. (1983) who took the idea used to simulate physical annealing processes and developed it to solve complicated combinatorial optimisation models. Yeh and Fu (2007) mentioned that SA algorithm is efficient meta-heuristic algorithm. Dhawan (2009) pointed out that SA is an optimised method, which has a superior process for the solution of a global minimised cost function. The SA mimics the analogy between the annealing process in industry and the combinatorial optimisation in engineering and mathematical sciences. In SA, a system state is analogous to a solution of the optimisation problem; the free energy of the system (to be minimised) corresponds to the cost of the objective function; the slight perturbation in changing states corresponds to a movement into a neighbouring position; the cooling schedule corresponds to the control mechanism adopted by the search algorithm; and the frozen state of the system corresponds to the final solution generated by the search algorithm (Coello et al., 2007) . SA is an iterative improvement method, in which an initial solution is repeatedly improved by making small local changes until no such changes yield a better solution (Chiang and Russel, 1996) . Figure 1 presented SA algorithm as a flowchart.
Steps of SA are as follow:
1 Choose a randomly generated initial point X 0 , a termination temperature T low . Also set number of iterations (N) to be performed at a particular temperature and iteration counter t = 0.
2 Evaluate the value of objective function E 1 = f(X t ).
3 Calculate a neighbourhood point X t+1 using random perturbation and evaluate objective function at
).
4 Calculate ΔE = E 2 -E 1 .
5 If ΔE < 0, accept the point. That is X t = X t+1 and E 1 = E 2 . Set t = t + 1 and go to Step 7.
6 If ΔE >0, create random number r in the range (0, 1) and check whether r < exp (-ΔE / T). If satisfied then set t = t + 1 and go to Step 7. Else begin with new initial point X t then set t = t + 1 and go to Step 7.
7 If t > N go to Step 8.
8 Reduce the temperature periodically by a factor k 1 according to T = k 1 T.
9 If T < T low then terminate the process else go to Step 3. 
The proposed approach
The basic issue of this research is to present a MPMP production planning model in a stochastic situation. Because of some stochastic problem parameters, it is required to use an efficient method to search the potential responses in order to reach the ideal one. Hence, the technique of optimising simulation is used. Actually, simulation is employed to determine the systems response (mathematical expectation of aim function) for every solution then, we approach the optimal response through SA algorithm. In order to make the suggested approach problem better, first, the problem model will be simulated by 'Arena' software, after examining the validation and accuracy of the model, SA algorithm will be made by tools of 'Arena' and put beside simulated model. Finally the problem will be solved. It is crucial to mention that by applying the proposed approach, a solution near to the optimal solution will be obtained and the final solution will not be optimal. Figure 2 manifested the suggested approach for solving MPMP problem.
Problem description
The problem concerns production planning of p types of products in a flow shop manufacturing system in t periods as there are s workstations in the system and each contains one machine. All products trace multiple workstations to be completed but skipping some machining centres. A station is not supposed to be visited more than once. The demand rate, process and set up time for each product in each period are not known with certainty. The setup time is independent from the amount of that product type. The resource availability for all the machines and their operation sequences to produce each product are assumed to be already known. There would be no lost sales until the end of the last planning period, but back order is allowed in every period except the last period. Unit shortage cost, unit inventory holding cost, unit processing cost and setup cost of product P at workstation S are deterministic that could be different from a period to another period. The objective is to determine the quantity of each product type in every period whereas the total cost of the production plan would be minimised.
The mathematical model
In this section, we will construct the formulation of the mathematical model of a production planning problem through a manufacturing system. Firstly the parameters and variables of the model are introduced follow as: Indices P product type, i = 1, 2,…,P S workstation type, s = 1, 2,…,S T scheduling timeframes, t = 1, 2,…,T. 
Parameters
After defining some of parameters and variables, the proposed model is presented as model 1.
Model 1
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Objective (1) is aiming at minimising the total cost of the production plan consisting of setup, process, shortage and inventory holding costs as well. Constraint (2) is satisfied when in every period the sum of setup time and process time in that workstation S becomes less than available time. Constraint (3) ensures that in every feasible production plan, no lost sales could occur but back order is allowed. Constraints (4) and (5) are for determining whether in period t product type P needs setup or not. Constraint (6) determine the amount of inventory or shortage for product type P in period t. Constraint (7) dictates the partial backordering policy. Constraints (8) and (9) state the type of decision variables. Constraints (10)- (12) demonstrate the type of some parameters.
Simulation of production system
As long as the relationships between components of a system are simple, the exact mathematical models can be used for analysing the relationships. In this case, mathematical models are more accurate, faster and easier to use compared to simulation models. But often the real models are too complex for mathematical models to be able to solve them; especially in cases which some of the system parameters are inherently random. In the studied system in this paper, most of the system parameters are uncertain such as demand rate, process time and set up time. In fact, simulation optimisation technique is capable of analysing and solving complex models because of its describing power. Figure 3 presents simulated model of production system using Arena software.
Implementation of SA algorithm in simulation model
Modules of create, decide and assign were applied for implementing SA algorithm in Arena simulated model. Firstly, using decide module, determine whether we are in the last planning period or not? If yes, the value of objective would be determined (total production costs). Then, another decide module is employed to clarify if it is the first repetition, X p,t is the optimal production rate. Otherwise, the new neighbourhood will be compared with the previous functions and the optimal function will be determined in that repetition. Optimal function will be calculated in every repetition and finally, the process will be continued for all defined repetition in Arena simulated model. Figure 4 shows the simulated model. 
Validation and accuracy of model results
Validation is a process that ensures the behaviour of the model is similar to the real system whereas verification is the process that ensures Arena model behaves based on the model assumptions. In other words, the model must have a reasonable reliability that its results are correct and in accordance with the existing system. Many methods have been presented for validation and improving the models reliability, one of which is comparison of models output with the real system's output. To do so, the simulation model is run for one month and according to production schedule and the result is statistically compared to that of the real system, using the paired t-test. That means the differences between each pair of observations are calculated and considered to be random variables with normal distribution, μ D and σ D being respectively the mean and the standard deviation and the hypothesis test is H = μ D = 0. According results the hypothesis is accepted, thus there is a 95% confidence that the simulation model's output matches with that of the real system.
Using the graphic method is yet another way to this end. Since Arena is being used, it is possible to graphically observe the system's behaviour step by step in order to check if it is really correct or not? The model's behaviour must also be observed in extreme conditions such as having only one product, having definite values for product demand or process time and changing these values to predict the systems behaviour. This method is effectively employed to identify and remove the models errors.
Numeral example
In this part, the problem model would be made by a numeral example whose numbers of figures are determined according to used numeral examples in previous literatures and finally will be solved based on the suggested approach. All required data for model making are represented in tables. As stated before, demand rate, process time and also setup time of every product in each period are stochastic and indefinite. Their values are shown in Table 1 . Other needed data are shown in Tables 2 and 3 .
In the part that deals with problem solving by SA algorithm, first, the parameters will be calibrated. In order to tune the parameters, Taguchi design of experiments (DOE) method will be used. The parameters of SA that require calibration are N, T 0 , α and T f . Table 4 shows the parameters with their levels. So after doing 24 experiments and ten times testing each experiment, the most appropriate parameters for the algorithm are determined which are presented in Table 5 . Also the initial solution to start the algorithm is indicated in Table 6 . In the proposed approach, for every specific new solution that is created by SA, the simulation model is ran for 10 times, so after calculating the mathematical expectation of objective for this new solution, the acceptance of this solution is surveyed by SA. According to the values of SA parameters, 560 new feasible solutions are created and examined by the proposed approach and finally the appropriate solution is specified. The results are presented in Table 6 . As the results are shown in Table 6 , the determined production rate of each product in every period is near the average of demands rate. In fact, we try to decrease the amounts of shortages in every period. It is because of high shortage cost of products. By applying the proposed method, the mathematical expectation of objective decreased from 141,528 to 108,098 and it has been a considerable decline in total production cost. So it can be said that the applied method has been efficient for the production planning problems especially in stochastic situations. Nevertheless, in this method, the final solution widely depends on amounts of the algorithm parameters and the first solution. Hence, in this numeral exam, it is possible to obtain a better final solution than the present solution by applying another first solution or amounts of parameters.
Conclusions
In the present study, a MPMP production planning model in a stochastic situation is examined. In fact, this kind of production system was studied before by Bagherpour et al. (2008) and Bakir and Byrne (1999) , but they all considered a deterministic situation for the problem. So considering the uncertainty, this study resulted in more realistic production planning model. In fact stochastic programming presents some plans that are usually useful and draw a clear illustration from future.
Because of being some stochastic parameters in the problem model, it was required to use an efficient method to search the feasible solutions in order to reach the ideal one; hence the simulation optimisation technique was used. The simulation-optimisation approach efficiently searches for the best combination of amounts of problem variables using SA algorithm technique. Therefore, by making the simulated model of the problem and SA algorithm in Arena 13.5 software and checking 560 new solutions, the problem was solved and the optimal production rate for each product in every period were determined. By applying the proposed approach for this problem, its ability for solving the stochastic problems were proved hence as for its flexible characteristic, presenting a more complex and difficult model than the current problem is easy and calculating the final solution is possible too.
In this research, the proposed method was examined by a numeral example. In fact employing the problem model in a real manufacturing environment with real data is almost difficult. Moreover, for starting SA algorithm, we applied an initial solution randomly whereas it was better to create a primary solution by a special and reasonable method. In the proposed model only one objective was considered whereas in reality, researchers believe that a multi-objective approach is both efficient and sufficient for achieving such an ideal production plan.
It is suggested to solve this model through other meta-heuristic methods such as genetic, TS, ACO, and etc., and compare the findings to each other in order to determine the ideal technique. Moreover, this model can be expanded by considering other problem parameters probability or applying other types of manufacturing system such as job shop, cellular manufacture, etc.
Real world production planning is involved in optimising different objectives, thus it is proposed to add some other objectives to the problem model and make a multi objective decision making (MODM) production planning. Also it is proposed to implement the model problem in a real manufacturing system and apply the suggested method for that case study.
